This paper employs multivariate GARCH to model conditional correlations and to examine volatility spillovers and hedging possibilities with nonferrous metals traded on the London Metal Exchange (LME) market. Three different multivariate GARCH models (diagonal, CCC and DCC) are employed and contrasted. The nonferrous metals studied are copper, aluminum, tin, lead, zinc and nickel and span the period from January 6, 2000 to February 29, 2016. The multivariate DCC GARCH framework is found to fit the data in an appropriate design and provides results showing the strongest evidence of long-term persistence volatility spillovers between lead and aluminum. We also find that the Hurst exponents given by the R/S method are on average 0.94, indicating the existence of a strong degree of long-range dependence in conditional volatilities. On average, the cheapest hedge is a long position in lead and a short position in nickel. The most expensive hedge is long nickel and short copper.
Introduction and Objectives
T he purpose of this study is to examine correlations, volatility spillovers and hedging possibilities with nonferrous metals (NFMs) traded on the London Metal Exchange (LME) market. The metals studied are copper, aluminum, tin, lead, zinc and nickel and cover the period from January 6, 2000 to February 29, 2016. The LME has been the world center of base metals trading since its establishment in 1877. The LME is used worldwide by manufacturers and buyers of nonferrous metals as a hub for spot and futures contracts trading in these materials (McAleer and Watkins [1] ) despite increased competition from the Commodity Exchange (COMEX) in the US and the Shanghai Futures Exchange (SHFE) in China, the LME remains the most liquid venue for the trading of base metals. This investigation is important for several reasons.
First, unlike precious metals such as gold and silver, which are often purchased for investment rather than commercial use, base metals are mostly notable for their industrial use. Therefore, the NFM market is among the most important world markets today. NFMs present an advantage compared to ferrous metals such as steel and cast iron since they are nonmagnetic and more resilient; many NFMs are good electrical conductors. These interesting physical properties make NFMs strategic in a variety of industrial sectors such as chemical processing, electronics, construction, jewelry, lighting, medical equipment, fiber optics transmission, solar energy and many more. Second, analyzing volatility, correlations and spillovers among nonferrous metals can be useful to market regulators concerned with commodity market volatility. Furthermore, this study may also be useful to investors and traders in developing optimal hedging strategies across these mar-kets. The rest of the paper is structured as follows: the relevant literature is briefly reviewed in Section 2; Section 3 presents the econometric approach used in this study; Section 4 presents and discusses the empirical estimates and Section 5 concludes the study.
A Brief Review of the Literature Related to Nonferrous Metals Markets
There is a vast empirical literature analyzing microstructure of spot and futures markets for nonferrous metals. The major part of these studies relies on the LME. Nonferrous metals markets, including those for aluminum, aluminum alloy, copper, lead, nickel, tin and zinc, are frequently the subject of empirical analysis. Empirical research on spot and futures markets for nonferrous metals can be organized into four categories (Watkins and McAleer [2] ): the theory of storage and cost-of-carry mode; price volatility and risk; market efficiency; and aspects of international studies on metals markets.
Implications of the theory of storage are tested in empirical studies using models of the cost-of-carry relationship and the convenience yield on holding inventories. Fama and French [3] propose a refinement to the Samuelson hypothesis. In conditions of scarcity, spot prices will increase as purchasers bid whatever is necessary to secure supply. The effect will be less pronounced in longer term futures, since agents know that higher prices will boost supply on the long run and rebuild inventory. Not only will spot prices be elevated, but they will also experience elevated volatility, so that the Samuelson hypothesis holds. Indeed, in a tight market, any news related to shortterm supply, demand or inventory will have an important impact on the spot market When inventory is high, spot and futures prices have approximately the same variability (that is the Samuelson hypothesis does not hold), because the marginal convenience yield on inventory declines at higher inventory levels (but at a decreasing rate). Their empirical analysis supports their refinement of the Samuelson hypothesis.
Empirical studies dealing with price volatility and risk in NFMs markets include modelling the volatility of spot and futures prices using a random walk framework, or various GARCH models while the examination of the risk/return relationship in futures markets using a Capital Asset Pricing Model (CAPM) approach volatility of six LME spot markets has been conducted by Brunetti and Gilbert [4] , and modelled through a FIGARCH process by Brunetti and Gilbert [5] . The empirical estimates suggest that the NFMs have similar volatility dynamics.
COMEX copper futures' price volatility is examined by Bracker and Smith [6] using several GARCH specifications. The authors have documented that GARCH and EGARCH models are superior to the GRJ-GARCH, the AGARCH and a random walk model. Both AGARCH and GRJ-GARCH specifications allow asymmetric effects. Negative shocks have a greater effect on the conditional variance than positive shocks.
McMillan and Speight [7] analyze the time-varying volatility of daily nonferrous prices over the 1972-1995 period. Their investigation provides a decomposition of volatility into its long-run and short-run components. The main conclusions estimates reveal relevant and significant of the decomposition of metals price volatility and the presence of three separate principal components driving underlying metals volatility. [2] analyze futures contracts for several NFMs, including aluminum, aluminum alloy, copper, lead, nickel, tin and zinc. Using, various long-run models, they find that there is a statistically significant long-run relationship among the futures price, spot price, stock level and interest rate.
Watkins and McAleer
Cochran et al. [8] examine the returns and the long-memory properties of the return volatilities for copper, gold, platinum and silver. Daily returns for the January 4, 1999 to March 10, 2009 period are used. Three main issues are investigated:
(1) whether the volatility processes present long-run dependence;
(2) whether the returns and conditional volatility of returns are affected by the uncertainty caused by the 2008 global financial crisis; (3) whether the implied volatility in the equity market, as measured by VIX, explains a high share of metal risk and return. The results show that VIX makes a significant contribution to forecast metal returns and return volatility. The empirical estimates also suggest that events during the global turmoil contribute to increase return volatility for most metals.
Concerning efficiency, several papers examine metal markets for common stochastic trends, equilibrium parity relationships between markets and lead-lag relationships between markets. Franses and Kofman [9] test for flow parity relationships between forward prices for aluminum, copper, lead, nickel and zinc on the LME. They find that a cointegrating relationship exists between the five industrial metals, so that a long-run relationship exists between the forward price series. If efficiency is defined such that a random walk is the best forecasting scheme, the LME is inefficient. Similarly, Agbeyegbe [10] tests for common stochastic trends among copper, lead and zinc spot prices on the LME and finds one relationship between the three metals and a bivariate relationship between copper and lead. However, in both Franses and Kofman [9] and Agbeyegbe [10] , the authors do not interpret cointegration as evidence of inefficiency.
Todorova et al. [11] employ a multivariate heterogeneous autoregressive (HAR) model to examine the volatility spillovers among five of the most liquid and important nonferrous metals contracts (aluminum, copper, lead, nickel and zinc) traded on the LME using intraday data over the period of June 2006 to December 2012. Their empirical estimates show that the volatility series of other base metals comprise valuable information for future price volatility. However, their own dynamics are often enough for describing most future daily and weekly volatilities, with the most pronounced volatility spillovers identified in the longer term.
Studies based on international linkages between markets are more and more developed. Shyy and Butcher [12] examine the dynamic links between the SHME, operating under strict Chinese Government controls, and the LME. They find that spot and forward prices for copper on the SHME are cointegrated with the respective copper spot and forward prices on the LME, and it is claimed that the SHME prices coincide with those of the world market Trading on the SHME starts well before that of the LME, and one would expect that, if the SHME is important with respect to world metal prices, information from the SHME trade would be accommodated by participants in the LME exchange.
An extensive body of the literature has studied copper futures markets in an international approach. Li and Zhang [13] investigate the time-varying relationship using rolling correlations and rolling Granger causality followed by co-integration tests. The results of co-integration tests show that there is a long-run relationship between the Shanghai Futures Exchange (SHFE) and the LME copper prices. Li and Zhang [14] also examine the relationship between copper traded on the SHFE and the LME using co-integration and the Markov Switching VECM model. They find a long-run relationship between the two copper futures markets. They also find that the influence of the LME on the SHFE is stronger than that of the SHFE on the LME.
Sinha and Mathur [15] have found strong linkages across the price, return and volatility of futures contracts traded on both the Indian commodity exchange and the LME for aluminum, copper, nickel, lead and zinc using a VAR-DCC-GARCH model. Yue et al. [16] explore the co-movements between Shanghai Futures Exchange (SHFE) and LME contracts. Their results suggest that LME nonferrous metals prices have a greater impact on Chinese NFMs prices. However, they find that the impact of Chinese nonferrous metals prices on LME nonferrous metals prices is low except for lead price. They also show that co-movements are time-varying, and the correlation of lead prices between LME and China is the more stable than all other NFMs prices
Econometric Approach
In this paper, the econometric approach employed has two components as in Sadorsky [17] . 
r 1t , r 2t , r 3t , r 4t , r 5t and r 6t are the copper, aluminum, tin, lead, zinc and nickel return series at t, respectively. With
= e h , a (6×1) vector of errors of the mean equation that are estimated conditional on the available information up to t-1 for the copper (ε 1t ), aluminum(ε 2t ), tin(ε 3t ), lead(ε 4t ), zinc(ε 5t ) and nickel(ε 6t ) return. ϕ ij ＜1 and {e it } are independently and identically distributed (i.i.d) random variables and h it the conditional variances for the copper(h 1t ), aluminum(h 2t ), tin(h 3t ), lead(h 4t ), zinc(h 5t ) and nickel(h 6t ) return defined as:
where S it − is an indicator function, in this case, for ε ＜ 0. With this formulation, a positive value of γ i means negative residuals tend to increase the variance more than positive ones. Put otherwise, negative shocks increase variance more than positive shocks do.
Equation (2) is specified a GARCH (1,1) process with VARMA terms as in Ling and McAleer [18] . This shows how volatility is transmitted over time across the metal prices. The cross value of the error terms represents shortrun persistence (or the ARCH effect of past shocks), which captures the impact of the direct effects of shock transmission. The presence of h jt-1 captures the volatility spillovers or interdependencies among the NFMs. They define GARCH effects of past volatilities and represent the contribution to the long-run persistence.
Next, the multivariate conditional covariance matrix in the DCC is expressed as follows:
where D t is the (n×n) diagonal matrix of time-varying standard deviations from univariate GARCH with h iit on the i-th diagonal i=1,2,...,n; R t is the (n×n) conditional correlation matrix. The DCC model introduced by Engle [19] has a two-stair estimation of the conditional covariance matrix H t . In the first stair, univariate volatility models are = ε / where u it is then used to estimate the coefficients of time-varying correlation. The evolution of the correlation in the DCC model is given by:
where
is the (n×n) unconditional variance matrix of u t . a and b are non-negative scalar parameters satisfying (a+b) ＜ 1. Since Q t does not usually have ones on the diagonal, we scale it to obtain a proper correlation matrix R t . Thus, (4) is a correlation matrix with ones on the diagonal and an off-diagonal element less than one in absolute value, as long as Q t is positively definite. A typical element of R t is of the form:
For the CCC model case, R t =R and R ij =ρ ij . The conditional covariance between metal returns is as follows:
.
where ρ is the constant conditional correlation. In the diagonal MGARCH model, ρ ij =0 for all i and j. The diagonal case is very restrictive because it assumes that the dynamic conditional correlations between variables are all zero h ij =0 i j " ?
i≠j. The standardized residuals from the MGARCH diagonal model can be employed to calculate an unconditional covariance matrix. The MGARCH models are estimated by Quasi-Maximum Likelihood Estimation (QMLE) using the simplex algorithm.
After obtaining the conditional volatility series from the DCC-GARCH model, we examine long-range dependence properties accurately by Hurst exponent H, calculated by the rescaled range analysis (R/S method) which provides interpretation of an empirical law, the Hurst law. The R/S method proposed by Hurst [20] originally demonstrates the long-range dependence via the coefficient H, which is often applied to capture the long memory property. The R/S statistics has a power-law:
where T is the number of observations and a is a constant. (8) can be log-linearized as follows:
Several implications can be derived as follows: when the series display positive long-run dependence or persistence, we obtain the Hurst exponent H between 0.5 and 1.0; on the contrary, with negative long-run dependence or anti-persistence, the exponent H is between 0 and 0.5; and when the Hurst exponent H equal to 0.5, the series then conform to the behavior type of random walk.
Sample Data and Preliminary Analysis
We use daily closing prices for copper, aluminum, tin, lead, zinc and nickel from January 6, 2000 to February 29, 2016. These prices are expressed in US dollars and are sourced from the Bloomberg terminal. Figure 1 shows that NFM prices vary over time. Copper prices reached a low point by the late 2001 and did not start to reverse course until 2003, escalating to a peak by the first quarter of 2004. After reaching this intermediate peak, copper prices displayed a behavior like that observed in a typical bullish market environment. Multi-quarter copper price increases served to shed excessive greed, followed by copper prices easing right back into their upward trend. However, 2006 ushered in a period of high uncertainty. This is because fears of supply shortages emerged as China began to systematically ravage the supply of copper. And this brought a long season of extreme volatility (Figures 2 and 3) .
About the other base metals, Figure 1 indicates that all metal prices behave in a similar manner. Zinc's bull also started out in orderly fashion. Nickel got out to a much faster start than the other base metals. Its late 2003 parabolic surge gave it an early bull gain. But the rise was only beginning. From its 2005 low nickel took flight in near-linear ascent, driving it to record highs. Not deviating from the greater NFMs theme, lead's bull market also started out with an orderly uptrend lead by multi-year support. Entering 2006, however, lead fell behind the pack and jumped the base metals trend. While the other base metals prices continued to rise, lead prices were falling hard.
Measured by volume, aluminum has the largest market of the nonferrous metals. More aluminum is mined and consumed each year than the four metals above combined. And it is because of this larger market that volatility is not as extreme ( Figure 3 ). In fact, compared to the others, aluminum's price has been less volatile until recently. Visually, aluminum paints a similar picture to the other base metals. Its strong initial upsurge and the velocity of its gains appear to be in line with the other metals. After a bit of a pullback in mid-2005, aluminum then set course for its version of an impressive upsurge. After aluminum achieved its 2006 apex, an all-time high, it then spent the next 2 years without a significant change. global financial crisis, a drastic shift in base metals fundamentals has been quick to collapse copper. With demand growth quickly slowing and then jumping to declining, supply rapidly caught up and the supply-deficient imbalance all but disappeared. Zinc's decline accelerated into 2008 as suppliers were able to meet demand and LME stockpile levels have impressively risen since the beginning of 2008. With the imbalance swinging to supply, surplus zinc was already during a healthy correction by the time the stock panic hit. But the stock panic was quick to add to the pain, driving zinc to levels not seen since 2004.
Rounding the corner into 2008, nickel settled into a sideways consolidation, but a further rise in stockpile levels caused nickel to break through support and continue its decline. The stock markets near collapse lead to a significant cut in the price of nickel. In fact, nickel prices dropped nearly in half yet again before finally bottoming in October at levels not seen since 2004.
It is impossible to use data directly extracted from the Bloomberg database as mean, variance and autocorrelation structures change over time. Therefore, in order to ensure stationarity, copper, aluminum, tin, lead, zinc and nickel returns are defined as continuously compounded or log returns (Figure 2 ) at time t, γ t , calculated as follows:
where P t and P t-1 are metal prices for days t and t-1, respectively. Descriptive statistics are reported in Table 1 . Only the sample mean of aluminum is negative. The characteristics of log-returns series used in our data set suggest the existence of non-normality and fat tails. The Jarque-Bera test rejects the null hypothesis that log-returns are normally distributed: the p-values for all metal returns above are zero. This is also evident from the excess kurtosis coefficient of the data which indicates that metal returns are leptokurtic relative to normal distribution. All metals report negative skewness. Therefore, the dataset deals with metals for which returns are skewed to the left. This means that the mass of the distribution is located on the right and that the mean is lower than the median.
Before we conduct the GARCH tests, we test for the existence of ARCH effects in the data sets. The results are shown in Panel B, Table 1 and display clear evidence of significant ARCH effects in all metal prices. The LjungBox statistic for 22 lags applied on returns indicates that significant linear dependencies exist. Furthermore, the Engle [21] ARCH-LM test statistics for 8 lags was conducted in order to test the null hypothesis of no ARCH effects. The test statistics are statistically significant at the one per cent level, implying that there exist significant ARCH effects in the data at all frequencies.
Unconditional correlations suggest that there is positive correlation between daily returns of NFM traded on the LME (Panel A, Table 2 ). Specifically, copper has strong correlation with aluminum, lead and zinc: 0.70488, 0.63052 and 0.73344, respectively. Zinc also has significant correlation with aluminum and lead, respectively, 0.65739 and 0.66165.
The correlations between the squared daily returns also show positive correlation among NFM. The information provided in Figure 3 and Panel B, Table 2 shows volatility clustering and cross-correlations in volatility, respectively. But it is worth noting that cross-correlation is more accurate between zinc and copper.
Empirical Results and Discussion
This section reports on the empirical results obtained from estimating multivariate GARCH models in Tables 3-8. The DCC model is used as the benchmark and is then compared to other restricted correlations models (DIAG and CC), estimated with a student distribution of errors and asymmetric shocks justified by Table 1 . . This influence suggests that past returns can be used to forecast future returns for lead, implying short-term predictability for lead price changes.
Regression Results

Past Returns Determine Current Returns
In terms of information transmission through returns, aluminum negatively affects current copper, lead, zinc and nickel returns. The estimated coefficient of aluminum in the copper ( ) Table 6 , a 1% variation in the price of aluminum causes an 8.2% decrease in the price of Lead, implying that information flows mostly from the aluminum market to the lead market and not the other way around. At the same time, past values of copper and zinc returns ( 21 j and 25 j respectively) negatively affect current aluminum returns (Panel A, Table 4 ). Furthermore, one period lag of nickel and lead positively affects current tin (Panel A, Table 5 ) and nickel (Panel A, Table 8 ), respectively in all MGARCH models. This result is important in establishing a positive relationship between current period tin and nickel returns and last period nickel and lead returns, respectively. In other words, current period tin and nickel returns are influenced by last period nickel and lead returns, respectively.
Significant Long-range Dependence in Volatility Exists on the NFM Spot Market
Turning to the conditional variance equations, the estimated results of the GARCH coefficients ( ) b , indicating that own volatility long-run (GARCH) persistence is larger than short-run (ARCH) persistence. The NFM market's former volatilities are more important in predicting future volatility than past shocks.
In Figure 4 , we illustrate the volatility series of estimated results of Hurst exponents using the R/S method. We find that the Hurst exponents by the R/S method are on average 0.94, indicating the existence of strong degree of long-range dependence in conditional volatilities. All NFM display the long memory property and the type of the long memory is positive, i.e., persistence in volatility.
Bad and Good News Have Dissymmetric Effects on Copper Volatilities
Furthermore, return variances for copper exhibit significant asymmetry in all multivariate GARCH specifications.
In the DCC Benchmark model, the coefficient of sensitivity to negative information ( ii 2)) is 0.028. This finding suggests that copper reacts more actively to negative shocks as stocks market.
Spillover Effects between Nonferrous Metals
Results in Panel B, Tables 3-8 [11] who find that the short-term realized volatilities of nickel are significant for copper. However, in our results, it appears that the absolute value of 61 a is greater than 16 a , implying that the spillovers from copper to nickel are more significant than the reverse direction, which means that the information flow from copper to nickel is stronger. Furthermore, there is significant shortterm persistence volatility spillover which is negative from aluminum to copper Table 4 ).
There is also evidence of long-term persistence volatility spillovers in the DCC model. There is significant inter-sector or volatility spillover effects from copper to aluminum 21 ( ) Since copper, aluminum and lead are produced in the same geographic area, they are affected by the same environmental events. Indeed, the leading 3 producers of aluminum (Australia, Brazil and China) account for more than 50% of worldwide production; the leading 3 producers of copper (Chile, the United States and Indonesia) account for about 50% of world production; and the leading 2 producers of lead (China and Australia) accounted for about 50% of world production.
The spillover emerging from aluminum volatility to the long-term price variation of nickel spot may be ascribed, for example, to the relevance of both metals for the automobile industry, which is also the major application area for nickel (Todorova et al. [11] ). The tin conditional volatility also seems to add significant information to the forecasts of copper However, the estimates demonstrate that the highest CCC is between copper and zinc, suggesting more mutual responses to economic factors among these metals than the other metals.
Both the AIC and SBC criteria show that the DCC model is the best model. The diagnostic Ljung-Box statistics tests for the standardized residuals and standardized residuals squared show no evidence of serial correlation at the 1% level in the DCC model (Table 9 ). Based on the AIC, SBC and residual diagnostic tests, the DCC model is chosen as the best of the models considered. Thus, the DCC model will be used to construct dynamic conditional correlations, optimal hedge ratios and portfolio weights. These time-series patterns show that the pair-wise conditional correlations clearly increased during the 2008 global financial crisis. The stock panic brought by the 2008 crisis wreaked havoc on virtually every securities class, and nonferrous metals were not safe to the harmful effects. Already within corrective environments, the global panic has bled the NFMs to dangerously unhealthy levels. These losses have been devastating for investors and agents holding positions in industrial metals related. These sharp deteriorations have lopped off not only the speculative premiums but many years' worth of gains for each of the major metals. The global stock panic has birthed what is turning out to be a nasty recession. And a swift contraction of global economic activity has rapidly altered base metals fundamentals. Demand has fallen drastically and suddenly so that many of the base metals have supply surpluses. Another explanation can be the fact that in the depression period a high share of the world's metals demand came from America's industrial machine. And consequently, most of the market makers were American.
Dynamic Conditional Correlations
Notice that the dynamic conditional correlations between the NFM are all positive and generally larger than 0.25. This indicates that there is little scope for portfolio between these metals on the LME. This is true especially between lead and zinc, aluminum and zinc, copper and zinc, and, copper and aluminum. The time series plots in Figure 5 show that, for each pair of series, the dynamic conditional correlations provide much more useful information than do the correlations from the constant conditional correlations model. It is also worth noting that at the onset and duration of the recession of 2008 and 2009, due to the global financial crisis, the dynamic conditional correlations were, for each pair of series, much larger than their corresponding values from the constant conditional correlations, illustrating that any calculations done with the correlations from the CCC model would have been very misleading.
Dynamic Hedging and Portfolio Diversification
As suggested by Kroner and Sultan [22] , the conditional volatility estimates may be used to construct hedge ratios. A long position in one asset i can be hedged with a short position in a second asset j . The hedge ratio between asset i and asset j is ( )
The time-varying volatilities from MGARCH models can also be employed to construct optimal portfolio weights (Kroner and Ng [23] ). For most of the hedge ratios, computed from the DCC model, the graphs show considerable variation after September 2008 ( Figure 6 ). The average value of the hedge ratio between copper and aluminum (HEDGES (1, 2) ) is 0.819 while the average value of the hedge ratio between nickel and aluminum (HEDGES (6,2)) is 0.862331 (Table 9). These results are important in establishing that a $1 long position in copper can be hedged for 86.5 cents with a short position in the aluminum on the LME. A $1 long position in nickel can be hedged for 86.23 cents with a short position in the aluminum. The cheapest hedge is long lead and short nickel (HEDGES (3,6) =0.315438, Table 9). The most expensive hedge is long nickel and short copper (HEDGES (6,1)= 0.865242, Table 9 ). Notice that, overall, hedging on the LME is expensive, and that many of the hedge ratios record maximum values in excess of unity. Summary statistics for portfolio weights computed from the DCC model are reported in Table 10 . The average weight for the aluminum/copper portfolio is 0.34, indicating that for a $1 portfolio, 34 cents should be invested in aluminum and 64 cents invested in copper (Table  10 ). The average weight for the nickel/aluminum portfolio, which is the highest, indicates that 90 cents should be invested in nickel and 10 cents invested in aluminum (Table 10 ).
Summary and Concluding Comments
As the amount of money invested in the NFM on the LME sector grows, it is important to have a better understanding of the volatility dynamics of those metals' prices. This paper employs multivariate GARCH models to examine correlations, spillover effects and dynamic hedging with nonferrous metals traded on the London Metal Exchange (LME). The specific nonferrous metals studied are copper, aluminum, tin, lead, zinc and nickel.
For return and volatility spillover, results show significant transmission among the base metals. Regarding the return-generating process, past values of metal returns largely determine their current values at different levels. As for the conditional variance equations, sensitivity to their past conditional volatility appears to be significant for the metal prices, implying that past variances of returns increase current volatility of metal returns. Our findings also corroborate previous studies showing significant volatility spillovers between base metals (see, for example, Cochran et al. [7] , and Todorova et al. [11] ). The findings of this study can provide useful information to market regulators and governments concerned with commodity market volatility. These findings may also be helpful to investors, traders, and portfolio managers in designing and implementing optimal and profitable hedg-ing strategies across the base metal markets. Furthermore, firms that use these base metals as inputs may find the results of our study useful in managing production costs and forecasting future metal return volatility. Finally, both importers and importer countries are likely to find the results in this study provide useful information in dealing with the continuing volatility in these industrially important commodity markets. Note: c, b and a denote significance levels of 10%, 5% and 1%, respectively. SD denotes standard deviation; J-B is the Jarque-Bera; LB(8) and LB2 (8) are the Ljung-Box statistics applied on returns and squared returns, respectively. ARCH-LM (8) is a Lagrange multiplier test for ARCH effects up to order 8 in the residuals (Engle, 1982) ; Source: Bloomberg, Authors regressions. 
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